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GoIFISH: a system for the quantification of
single cell heterogeneity from IFISH images
Anne Trinh1†,I n g aHR y e 2,3†, Vanessa Almendro4,5, Åslaug Helland2,3,6, Hege G Russnes2,3,7*
and Florian Markowetz1*
Abstract
Molecular analysis has revealed extensive intra-tumor heterogeneity in human cancer samples, but cannot identify
cell-to-cell variationswithin thetissue microenvironment. In contrast,insitu analysis can identify genetic aberrations in
phenotypically defined cell subpopulations while preserving tissue-context specificity. GoIFISH is a widely
applicable, user-friendly system tailored for the objective and semi-automated visualization, detection and
quantification of genomic alterations and protein expression obtained from fluorescence insitu analysis. In a sample
set of HER2-positive breast cancers GoIFISH is highly robust in visual analysis and its accuracy compares favorablyto
other leading image analysismethods. GoIFISH is freely available at www.sourceforge.net/projects/goifish/.
Quantifyingcell-to-cellheterogeneity inthe tissue
context
Intra-tumor heterogeneity is currently accepted as a hall-
mark of cancer, being present in virtually all tumor traits
[1]. Sensitive molecular techniques developed in the last
few years have allowed a detailed genetic and pheno-
typic deconvolution of intra-tumor heterogeneity. These
include genome-wide analysis of bulk tumor samples to
describe evolutionary trajectories in relapsed tumors and
genomic divergence between primary tumors and metas-
t a s e s[ 2 - 4 ] ,a sw e l la ss i n g l e - c e l lg e n o m i cp r o f i l i n g[ 2 , 5 ] .
However, despite methodological improvements in the
molecular characterization of single cells, the accurate
interpretation of intra-tumor heterogeneity requires the
inference of cell-to-cell variability within a particular tis-
sue context, which can only be directly assessed by in
situ analysis. Microenvironmental constraints within spa-
tially restricted areas of a tumor can exert differential
selective pressures, leading to the manifestation and the
selection of different phenotypes and particular geno-
types. For instance, different oxygen levels, the presence
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of inflammatory cells, or the physical interaction with
extracellular components in different parts of a tumor
[6-8] can influence cellular phenotypes and contribute
to different trajectories in the evolution of a tumor [2].
Therefore, the accurate interpretation of cellular pheno-
typic and genomic heterogeneity requires tissue-context
specificity [9-11].
IFISH: Immunofluorescence in situ hybridization In
situ fluorescence-based detection of proteins, DNA, and
RNA enables the simultaneous detection of multiple
markers in single cells by epifluorescence, confocal,
or multispectral imaging technology. Combining both
immunofluorescence and fluorescence in situ hybridiza-
tion (IFISH) allows multiplexing to detect both genomic
and phenotypic traits at the single cell level [10]. This
approach captures cell-to-cell variations missed in cell
population analyses while preserving specific microenvi-
ronmental contexts. As an in situ analysis, IFISH allows
thespatialmappingofindividualcells tomeasuretopolog-
ical heterogeneity. Visualizing topological heterogeneity
can have important implications in predicting treatment
response, as well as tailoring treatment to suit the diverse
cell populations observed within a tumor [10]. However,
these in situ studies require the analysis of multiple mark-
ers in thousands of cells, are very time-consuming, and
their reproducibility could be influenced by variability
between users [12]. Therefore, there is an urgent need for
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the development of objective analytical tools that mini-
mize scoring subjectivity and facilitate the quantification
of multiple traits in single cells while preserving con-
text specificity. The implementation of these tools in both
basic and translational research will advance our under-
standing of tumor biology and will facilitate biomarker
discovery and validation.
GoIFISH: quantifying tumor heterogeneity in IFISH
images For application to IFISH, accurate segmenta-
tion at the nuclear, membrane and spot level are critical
for subsequent analysis, which often interrogates clonal
populations or evaluates relationships between protein
and genomic expression. Objective integration of protein
expression and copy number requires not only accurate
segmentation, but also the separation of normal cells
from tumor cells, and appropriate background subtrac-
tion associated with auto-fluorescence. Very few existing
softwares allow manual alterations of small inaccuracies
in cell segmentation and often incorrect cell classifi-
cation results cannot be changed. Visual scoring by a
trained observer (e.g. pathologist) is the gold standard
for detecting cells and automated image analysis systems
developedtocomplementpathologistscoringrequireuser
validation [12].
To address these challenges, we have developed a semi-
automated system which provides users with an auto-
mated starting point in segmentation and can readily
accept user input to improve the segmentation result.
GoIFISH is able to segment nuclei, locate and estimate
spots, detect membranes, measure morphological and
intensity properties and classify cells. GoIFISH is a ver-
satile method that allows researchers to determine and
quantify, for instance, the amplification status of single
locus within cells, together with the detection of pheno-
typic markers present in different subcellular locations.
It preserves the tissue context specificity and provides
coordinates for the topological mapping of each cell. Sim-
ple topology maps can be displayed to illustrate spatial
variations within an image with respect to two given
stains.GoIFISHallowsusers toanalyzeFISH,IForIFISH
images containing a maximum of 5 markers, of which one
must be the nuclear marker DAPI. We validated our soft-
ware in a pilot HER2+ breast cancer cohort of 10 samples
and compared its performance with existing softwares.
Related approaches Several general image processing
methods including CellProfiler [13], Icy [14], OMERO
[15], ImageJ [16], CellTracker [17] and ImageM [18] have
been developed for the quantitative analysis of images,
and the capabilities of each software are described in
Table 1.
OMERO is a platform for the storage and annotation
of microscopy images [15], and Icy and ImageJ have been
developed as general platforms for image analysis [14,16].
All three are dependent on the development of plug-
ins for specific applications from its user-base. OMERO
currently does not have automated algorithms for image
segmentation, and is dependent on user input for the
delineation of cell boundaries or other regions of interest.
ImageJ and Icy have a series of plugins for nuclear seg-
mentation, membrane segmentation and spot detection,
however these three processes are often disjoint and will
r e q u i r eu s e re f f o r tt oc o l l a t et h e s er e s u l t s .W eh a v eu s e d
MATLABas theplatform fordevelopingGoIFISHdueto
its wide user-base, strong image analysis capabilities and
comprehensive data analysis features.
Softwares with specific cell segmentation capabilities
include Columbus, CellProfiler [13], ImageM [18] and
CellTracker[17].CellProfiler and Columbus areprograms
which specialize in the segmentation of cells from the
cytoplasmic and nuclear level, down to the subcellular or
genomic level. These have been developed primarily for
high-throughput analysis of cells in culture, and often are
based on assumptions about the regularity of size and
morphology within the cell population of interest. These
softwares are optimized to have minimal segmentation
errors in cell-culture images, however,may not be directly
applicable to real tissue.
ImageM [18] is a software developed for detection
and counting of RNA signals using a semi-automated
approach.Userscanrefineresults,however ,toextractfea-
tures on a per nucleus or cell basis, manual delineation
of regions of interest is required. CellTracker [17] has
beendevelopedprimarilyforthelive-trackingofcells, and
a semi-automated approach to nuclear and cytoplasmic
segmentation is also applied.
Currently available segmentation softwares are not tai-
lored for the segmentation of IFISH images, due to the
heterogeneous nature of tumor populations and complex
tissue structure. This has motivated the development of
GoIFISH to perform accurate nuclear, membrane and
spot detection, while allowing the user the freedom to
manually edit segmentation outputs (Figure 1). This is
critical as a starting point for the analysis of tumor sub-
populations, and the extraction of biologically relevant
features from the images.
AvailabilityofGoIFISH
GoIFISH is freely available at www.sourceforge.net/
projects/goifish/ under the GNU General Public License
version 2. GoIFISH is written in MATLAB and all source
code is provided to allow analysis on both command
line and through the Graphical User Interface (GUI)
(Additional file 1). It is dependent on OMERO Bio-
formats for the conversion of images to the correct file
format for loading [19]. All images used in this study are
available at the given link. The GUI has been created intoTrinh etal. GenomeBiology 2014, 15:442 Page 3 of 15
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Table1 Comparisonbetweensoftwaresavailableforcellsegmentation
Property GoIFISH Columbus CellProfiler ImageJ ImageM CellTracker
Cost Open-Source Proprietary Open-Source Open-Source Open-Source
on request
Open-Source
Real-Time Update Yes Yes No No No Yes
Background Intensity
Subtraction
Yes Tuning but no
subtraction
Correct Illumination
Calculate
Flatten
Illumination
No No
A-Priori knowledge
required (eg. cell size or
segmentation methods)
No No Yes No No No
Nuclear Segmentation Yes Yes Yes Yes Manual Yes
Membrane Segmentation Yes Yes Yes Yes Manual Yes
Spot Detection Yes Yes Yes Yes Yes No
Batch Processing CmdLine Only Yes Yes BatchCommand
Plugin
No No
Visualise Batch
Segmentation Results
Yes No Yes No No No
Manual Editing Yes No No No Yes Yes
Cell Specific Information Yes Yes Yes Yes Yes Yes
Summary Report Yes Yes Yes Yes Yes Yes
Topology or summary
Maps
Yes No Yes Topit Plugin No No
a stand-alone program operable onWindows and Mac OS
systems following the installation of the appropriate ver-
sion of MATLAB Compiler Runtime (v7.14), provided at
the given link.
The user-guide for the software is included as
Additional file 2. The types of images for optimal use in
GoIFISHaredescribedinTable2.Notethatduetomem-
ory constraints, thereare size limitations of 12 megapixels
for comfortable use in the GUI however, this limitation
can be overcome using the GoIFISHWrapper in the
MATLAB environment.
The GoIFISH workflow
The following paragraphs give a detailed overview of
the GoIFISH workflow. An overview of the capabilities
of GoIFISH, including the user interface is shown in
Figure 1.
Step 1: Loading and preprocessing data Images can be
loaded as a .mat file containing a cell array or a .tiff file
into the GUI. After successful loading, the first image in
the series will be presented (Figure 1A). These are auto-
matically adjusted to ensure 1% of the image is saturated
at lower and higher intensities, which is more suited for
nuclearorcytoplasmicimagesbutmaysaturatespots.The
‘RangeScale’ option is recommended in these scenarios.
Brightness and contrast of each image can be adjusted for
auto-fluorescence, to ensure an optimal dynamic range
and to prevent saturation of the image. This is critical for
good segmentation results. Note that the image adjust-
ment will improve the user experience and segmentation
results,however,the intensitiescan be measuredfrom the
raw image for comparative quantitation.
GoIFISH allows background intensity adjustment,
both using a single global intensity value, or on a cell spe-
cific level for nuclei. The user draws ‘background’ regions
using the paintbrush tool, from which the mean back-
ground intensity is calculated. This is subtracted from
either raw intensities, which is recommended for com-
parisons between samples, or from an adjusted image. A
per cell nuclear background adjustment is also available,
whereby a background intensity is calculated at a margin
of 2-6 pixels from the edge of each segmented nucleus.
This will be computed automatically for all nuclear
stains, and will account for local variation in background
intensity.
To finalize the preprocessing stage the user will need to
indicate the stain type in each channel, of which one must
be DAPI, and themagnification of theimage. 60x,40x and
20x magnifications are permitted, however higher reso-
lutions are recommended for the accurate detection of
spots.Followingthis,aquickpreprocessingstepisapplied
to assign the stain type to each image. After this, segmen-
tations on either the DAPI channel alone or all channels
using default parameters can be performed (Figure 1B).
Step 2: Nuclear segmentation The foreground or cel-
lular portion of the image is automatically detected byTrinhetal. GenomeBiology 2014, 15:442 Page 4 of 15
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Figure 1 Overview of GoIFISH, including computationalcapabilities. (A) The GoIFISH graphical user interface (B) Outputs from GoIFISH
including nuclear and membrane segmentation, spot detection, manually edited segmentation, and topology maps (C) Cell classification. After
cell segmentation, cells are labelled as tumor (green) or stromal (yellow) by the user. Cells are automatically classified using the marked cells as
trainingdata.
Otsu thresholding [20] on a combined image of entropy
and intensity, which is used as a mask in cell segmenta-
tion. Nuclei are segmented using an iterative H-minima
transformed watershed [21], where the local intensity
depth of pixels under a given threshold is suppressed,
and a watershed is applied. Fragments attained from each
step are classified as either optimal, undersegmented, or
oversegmented.Cells withoptimalpropertiesareselected,
and the remaining image is subjected to segmentation
at a lower threshold. We have developed an approach to
mitigate oversegmentation by joining neighboring frag-
ments according to their morphological features (see
Material and methods). There is also an option of per-
forming a seeded-watershed [22] for images with a smallTrinh etal. GenomeBiology 2014, 15:442 Page 5 of 15
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Table2 Optimalpropertiesof imagesforanalysisin GoIFISH
GUI GoIFISHWrapper(CommandLine)
File Format .mat or .tiff .tiff.zvi Use bio-formats toconvert other formats
Image Size 12 megapixels for comfortable use Theoretically unlimited
Number of stains Up to 5. Must include DAPI Unlimited but must include DAPI
Number of Cells Under 1000for comfortable use Theoretically unlimited
Cell Size (px) Optimally60xmagnification (2500-10000px),20xand 40x magnification
also available (250-3000px)
number of cells or poor contrast at cell boundaries,
whereby the user indicates the cell locations with a series
of spots.A H-minima watershedis then applied using this
information.
Following segmentation, the user has the option of nar-
rowing down the population of interest using a minimum
size threshold, or edit the borders manually (see Step 5).
It is recommended that the user checks the output of
thenuclear segmentation beforeproceedingasmembrane
segmentation and spot detection are dependent on the
nuclear map generated.
Step 3: Membrane segmentation Membrane segmenta-
tion is performed by combining a Voronoi segmentation
of nuclei withtheintensity information of theimage. High
intensity edges within the image are set as local max-
ima to ensure segmentation occurs along these edges.
Fragments are then merged based on their location with
respect to the nuclear segmentation. This result can be
further refined using active contours, such as Chan-Vese
Segmentation [23] or Localized Segmentation [24].
Step 4: FISH detection For single spot detection, a
Laplacian of Gaussian filter is applied to the image to
determine candidate spots. Spots which are also local
maxima in the gradient image are selected. The user has
an option of entering an expected size threshold (Default
minimum spot size of 15 pixels for 60x images), and a
preferred intensity threshold. An optional morphology
classifier(seeMaterialandmethods) canbeappliedtodif-
ferentiate between spots and artefacts in images with low
contrast signal, such as signals from centromere 17.
Step 5: Manually editing segmentations GoIFISH
provides a toolbox to manually edit segmentations if
needed.Manualeditingofthesegmentationoutputcanbe
easilyachievedbydrawinga borderbetweencells withthe
‘scissors’ tool, oversegmented cells can be ‘glued’ together,
and artefacts can be ‘trashed’. Regions can be ‘painted’ or
‘erased’. All operations are terminated by right clicking,
and pressing the ‘escape’ exits a particular editing mode.
Step 6: Post segmentation processing Segments from
each channel need to be mapped to the DAPI channel in
order to construct a matrix of features, using the ‘Update’
function. An error will appear if there are inconsistencies
in the segmentation, such as two nuclei mapping to one
membrane. Following successful mapping, the user can
generate heatmaps and topology maps to visualize stain-
ing variations within the image (Figure 1B) and perform
cell classification (Figure 1C).
Cells in the image are classified by support vector
machine into 4 possible cell types. The user labels candi-
date cells for each class (for example, to separate fibrob-
lasts from tumor cells), and applies the classification. This
classification is based on morphological parameters but
can also include intensity information. The classification
resultcanbe manually correctedifinconsistenciesappear.
Step 7: Output from GoIFISH The output from
GoIFISH c a nb es a v e da sas e r i e so fi m a g e sa n da. c s v
file with cell specific measurements. These include
intensity measurements, including raw and background
adjusted intensities, morphologial parameters such as
area, perimeters, axis lengths, the location of the centroid
of each nuclei, the cell label if classification is performed
and copy numbers in the case of spot detection. Data can
be downloaded into the MATLAB environment, or saved
asaprogress.matfilewhereprocessingcanberesumedin
another session.
GoIFISHWrapper: Combining Steps 1-4 GoIFISH
provides a wrapper for batch analysis, which is imple-
mented via command line. The user simply provides the
filepath of interest and edits a Parameter File which con-
tains information such as the stains used, the magnifica-
tion of the image and the segmentation parameters. The
resultsareautomaticallysavedasprogress.matfileswhich
can be loaded into the GUI for segmentation editing,
background selection and cell labelling. Other benefits of
running the wrapper include unlimited number of stains
and the analysis of larger images. However, it is recom-
mended that each image does not exceed a resolution of
12 megapixels if the user wishes to edit cells in the GUI.
In this circumstance, it is recommended that the imageTrinhetal. GenomeBiology 2014, 15:442 Page 6 of 15
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is sectioned into a number of smaller constituent images
which are analyzed independently.
GoIFISH performanceand benchmarking
The performance of GoIFISH was compared to two
state-of-the-art image analysis systems, the proprietary
Columbus software from Perkin-Elmer, and the open-
source CellProfiler from theBroad Institute [13]. All three
image analysis softwares can detect nuclei, FISH signals,
cytoplasm staining, and report morphological properties
including size, and intensities. Details of all statistical
analyses including code to reproduce plots are contained
in the Additional file 3.
ComparingGoIFISH to existingautomatedmethods
Columbus has an intuitive interface, real-time feedback,
automatic detection of approximate cell sizes, with very
little image processing knowledge required to operate the
system (Table 1). On the other hand, CellProfiler has the
benefits of wider functionality as its open-source nature
allows its user base to develop and maintain specialized
functions. However, it requires a-priori knowledge about
the images and different segmentation methods, which
may take the user a long time to develop an optimal
segmentation pipeline. The parameters used to segment
images in these two programs are described in Material
and methods.
GoIFISH was tested in two scenarios. In order to
perform fair benchmarking, images from 10 samples
were run in GoIFISH on the default settings (see
Material and methods). In addition, we tested its capabil-
ities for improvement with user input.
An example of the segmentation output from all three
softwares is shown in Figure 2A. GoIFISH,u s i n gi t s
default segmentation parameters, demonstrated preci-
sion and recall in nuclear and spot detection which are
comparable to both Columbus and CellProfiler (Figure
2B, Additional file 4: Figure S1B, Mean F-Score: 0.68,
N = 10). From visual inspection of the segmentation
output (Figure 2A), Columbus does not perform nuclear
segmentation when the borders are not well defined.
CellProfiler applies edges to ensure segments are within
the defined range of cell diameters, resulting in seg-
mentation inaccuracies. GoIFISH with default parame-
ters outperformed existing softwares in membrane detec-
tion (Figure 2B, Mean F-Score 0.86, N=10) with results
very similar to the manually edited GoIFISH result. All
methods demonstrated high precision as membranes are
detected around nuclei, but varying degrees of recall
Figure 2 Performance benchmarking against Columbusand CellProfiler. (A) Example of nuclear, membrane and spot segmentation using
CellProfiler, Columbus, and GoIFISH manually corrected segmentations. (B) Average F-Scores for nuclear segmentation, membrane detection,
spot detection (including clusters) in 10 sample images. (C) Differences in perimeter-area ratio of segmented nuclei and membranes compared to
the gold standard. Values closer to 1 indicate similar morphology to the gold standard.Trinh etal. GenomeBiology 2014, 15:442 Page 7 of 15
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(Additional file 4: Figure S1B). We observed that Colum-
bus treats membranes with high intensity as cytoplasmic
regions (Figure 2A).
In Cent17 and HER2 detection GoIFISH with default
parameters surpassed the two existing methods (Mean
F-Scores: 0.69, 0.83 for cent17 and HER2 respectively).
Columbus has high recall but poor precision, reflecting
a higher false positive rate. It should be noted that the
manually curated samples had variable F-score, which
may be a subsequent propagation error from nuclear
segmentation.
While precision and recall assess the presence of an
object, they provide no information on how accurate
the morphology of the segmentation is. For instance,
encroachment errors with slight misplacement of cell
boundaries will have no effect on the F-Score. There-
fore, the perimeter-area ratio was measured for each cell
and compared to the gold standard as an assessment of
whether the correct shape was detected. Each individ-
ual spot in Figure 2C represents the average difference
in perimeter-area ratio for one particular image. Points
centred around 1 indicate very little variation in shape
compared to the gold standard. In bothnuclear and mem-
brane segmentation, GoIFISH values were closer to 1
compared to Columbus and CellProfiler, indicating that
the morphology was better represented.
Time-benchmarkingwas performedbetween GoIFISH
and the newest version of CellProfiler (v2.1.0) (Table 3).
Columbus operates on a server and thus a direct com-
parison was not applicable. Timings were performed on
a 2x2.4 GHz Quad-Core Intel Xeon processor with 6GB
RAM, on 5 candidate samples with an increasing number
of cells. GoIFISH performs comparably to CellProfiler
when the image contains well defined cells, but the pro-
cessing time increased with greater image complexity. For
example, processing image 6370 took the longest as it
has a high number of cells with invasive phenotype and
poorly defined cell boundaries. All segmentations can be
conducted within 1.2 minutes, which despitebeing longer
than CellProfiler, is still sufficiently short for mainstream
use.
CorrelatingGoIFISH outputwith visualinterpretation
While precision-recall testing allows reliable assessment
of segmentation accuracy, the obtained data must be
Table3 Timingcomparisons betweenGoIFISH and
CellProfiler
Sample 7461 6361 7435 7619 6370
ApproximateNumber of Cells 20 60 80 100 120
CellProfiler Time (s) 26 25 29 30 32
GoIFISH T i m e ( s ) 2 62 74 04 27 3
reflective of the biology to draw valid conclusions. Auto-
mated scoring of protein intensities and spot areas were
compared with visual pathologist scoring on a single-cell
level, with a total of 355 cells scored for ER staining,
membrane HER2 intensity and cent17 and HER2 copy
number.
In a first analysis, we assessed immunofluorescence of
ER and HER2 to determine (1) whether the distribution
of cell intensities within an image is reflective of the semi-
quantitative scoring by a trained observerand (2) whether
two cells withthesamescoring in two differentimages are
directlycomparable. AllmethodsdetectingthenuclearER
stain showed a correlation between the semi-quantitative
scoring and intensity measurements, however, samples
were not shown to be directly comparable to each other.
As an example, a ‘positive’cell in sample 6361 was on sim-
ilar intensity to a ‘moderately’ stained cell in sample 6370
(Figure 3A).
ANOVA in conjunction with Tukey’s range test was
performed on samples with ‘negative’ expression to deter-
mine whether the baseline means are directly comparable
to each other. Out of the 45 possible pairwise compar-
isons, Columbus had 26 pairwise comparisons, CellPro-
filer had 13 and GoIFISH had only 10 pairwise compar-
isons which showed a significant difference in baseline
mean (p < 0.05). Sample 7360 had a negative inten-
sity after background correction using GoIFISH,b u ti n
practice would be assigned a value of 0 which would fur-
ther lower the number of significant differences. Using
a per nucleus specific background subtraction method
in GoIFISH, ‘positive’ samples become comparable to
each other across all images (Figures 3A, Additional file 5:
Figure S2A). Figure 3B illustrates the right ordering and
statistical difference between each class, demonstrating
that the method can reproduce quantitatively the visual
scoring (T-test,p < 0.01 between all categories).
The same analysis was applied to HER2 membrane
staining to determine whether the intensity could reca-
pitulate the membrane completeness in cells. HER2 pro-
tein assessment in a clinical setting often uses patterns
of staining to guide subsequent treatment [25]. Cells
are classified as having ‘negative’ membrane staining,
‘complete’ positive staining or ‘incomplete’ positive stain-
ing. Both GoIFISH after background subtraction and
Columbus demonstrated a step-wise increase in intensity
with highest intensity observed in complete membranes
(Figure 3C,D). Combining all cells, a statistical differ-
ence at the correct order of classes was observed in only
the GoIFISH background adjusted and manually edited
samples (Figure 3D, Additional file 5: Figure S2D).
The coefficient of variation was also computed as a
second metric of differentiating between ‘complete’ and
‘incomplete’ membranes. It is expected that ‘complete’
membranes have a lower variation than ‘incomplete’Trinhetal. GenomeBiology 2014, 15:442 Page 8 of 15
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Figure 3 Correlation between measured intensities and classification by a pathologist. Comparison of semi-quantitative scoring by a
pathologist with CellProfiler, Columbus and GoIFISH quantitationin (A)ER staining,(C) HER2membranecompleteness using mean intensities(E)
HER2membrane intensity using coefficient of variance. Combined distributionsof quantitations across all 10samples for (B) ER positivity, (D) HER2
membrane completeness using mean intensities and (F) HER2 membrane intensity using coefficient of variance. Note that GoIFISH nuclear
adjusted intensitieswere used in (A,B), GoIFISH background adjusted intensities were used in (C,D) and GoIFISH raw intensities used in (E,F).Trinh etal. GenomeBiology 2014, 15:442 Page 9 of 15
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membranes. In both GoIFISH and Columbus, an
increased coefficient was observed in the samples with
broken membranes compared to the samples with com-
plete membranes, this was however only statistically sig-
nificant in GoIFISH but not in Columbus (Figure 3E,F,
Additional file 5: Figure S2C,D).
In a second analysis, we assessed how accurately an
automated system can estimate the number of spots
within each cell based on the area measured. In 9 samples
(Sample 7619 was excluded due to overexposure of the
channel and thus high false positive rate), we assessed the
correlation between manually counted copy number per
cell with the automatically detected spot area (Figure 4).
In samples where the distinct number of copies cannot be
counted due to amplification, a value of 22 was assigned
(which was one more than the upper observable limit of
21 spots). Most relationships appeared to be linear for
centromere 17, with the exception of measurements by
CellProfiler. Theestimatesof HER2 spotsbyGoIFISH and
Columbus showed a strong linear correlation with man-
ually curated copy numbers, which plateaued at a value
of approximately400 pixels. Similar gradients wereshown
forcentromericandHER2spots,andinbothcasesalinear
regression will approximate an area of 20 pixels per spot.
Effects of uservariabilityon GoIFISH outputs
User input may influence background intensity correc-
tion, cell segmentation results and cell classification.
GoIFISHhasbeendevelopedwithanumber ofstrategies
to minimize the effects of inter-user variation.
To determine the variation in background selection
between users, measurements were made by two trained
observers and one untrained observer who was given
background selection-guidelines (see User Guide in
Additional file 2). All three observers demonstrated 88%
or greater correlation with the gold standard (Figure 5A),
demonstrating that our guidelines are sufficient for an
‘untrainedobserver’toattain asimilarscoringasa‘trained
observer’.
Toaddresstheissueofbackgroundheterogeneitywithin
an image, a trained observer selected four different back-
ground regions within each image to compare intensities.
These values are reported as coefficients of variation
(Figure 5B), wherethe sizeof eachboxproportionalto the
mean reported intensity. In most images, a low variation
of 10% or less was observed, with the exception of 6361
and7916whichhadhighauto-fluorescenceandoverexpo-
sure respectively. The greatest variation was observed in
theDAPI channel, whichis a general DNA markerused to
assess the quality of the sample. In practice, DAPI inten-
sities are rarely measured for quantitative analysis. The
other stains are more selective and specific for a partic-
ular protein or locus of interest, and have demonstrated
greater stability in background intensities.
Manual editing of segmentation results is also prone
to user subjectivity. To reduce both this effect and man-
ual labor, GoIFISH was designed with a toolbox which
minimizes the amount of clicks or mouse-drawing per-
formed by the user. For example, the merging of cells
requires two clicks of the mouse, and the segmentation
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Figure 5 Robustness of GoIFISH performancewith user input. (A) Inter-user variation in background intensity selection from three observers
(two trained) when compared to the Gold Standard. (B) Heatmap of coefficient of variation of background intensityin all sample images. Larger
shape indicates a higher mean. (C) Inter-user variation in area of segmented cells (nuclear and membrane) and (D) corresponding intensityof HER2
membranesand ER. (E) Permutation testing of accuracy of classifier using either only morphological information or morphological and intensity
information for myopepithelial-luminal discrimination (left) and lymphocyte-stromal-tumor discrimination(right).
of overlapping cells requires one line to be drawn. These
features ensure that the morphology and boundary of
cells are consistent in each image irrespective of the
user.
To determine the effectiveness of these tools, two inde-
pendent scorers manually edited 50 missegmented cells
across the 10 test images. The nuclear and cytoplas-
mic areas were measured, alongside nuclear ER inten-
sity and HER2 membrane intensity. Nuclear segmenta-
tion was consistent between the two scorers (r = 0.86,
Figure 5C), however a number of cells were considered
to be larger by Scorer 1 than Scorer 2. The discrepant
cells were determined to be mitotic, phenotypically char-
acterised by the appearance of two nuclei in the DAPI
channel yet sharing the same membrane in the HER2
channel, and considered as one cell by Scorer 1 but as
two cells by Scorer 2. The cyotplasmic areas had lower
correlation between the two observers (r = 0.79), which
can be attributed to the HER2 status of the cell. In the
absence of a well defined HER2 membrane, the shape is
open to interpretation, accounting for the greater varia-
tionintheHER2-cells thantheHER2+cells (HER2+only:
r = 0.83).
Despite the differences in morphology of the seg-
mented cells, 99% correlation was observed in the raw
recorded intensities (r = 0.99 for both ER and HER2,
Figure 5D), demonstrating that intensity measurements
are robust to differences in cell segmentation between
users.
Finally, we tested how the performance of the cell clas-
sifier depends on the size of the training set and cellu-
lar features in two different cell classification scenarios:
(1) to differentiate myoepithelial from luminal cells and
(2) to differentiate lymphocytes and stroma from tumor
(Figure 5E). Two images representing these two scenar-
ios were labelled by a trained observer. Training sets of
increasing size (starting from 2 cells) were created by
randomly sampling the number of required cells, and
where possible an equal number of cells from each class
were selected. To determine the 95% confidence interval
for classifier accuracy, 500 permutations of the train-
ing set for each size were used to predict the labels
within an image. Our results demonstrate that using mor-
phological parameters alone, the accuracy approaches
70% for myoepithalial-luminal discrimination, and 80%
for lymphocyte-stromal-tumor discrimination. With the
addition of stain information, the accuracy approached
95% and 100% accuracy respectively. The average accu-
racy of the classifier increases with a larger number of
labelled cells, however, if well-chosen, high classification
accuracy can still be attained with a training set of under
10 cells.Trinh etal. GenomeBiology 2014, 15:442 Page 11 of 15
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Visualizingthecellulardiversitywithinan image
Finally, we visualized the cellular diversity within the
images, first by looking at IF staining to compare HER2
and ER intensitiesandalso by comparing genomic expres-
sion with protein expression of HER2 (Figure 6). A global
intensitycut-off of50forER afternuclear adjustment, and
300 for background adjusted HER2 staining was imple-
mented to define cells as positive or negative. These
values were chosen from global assessment of the distri-
bution of staining across all 10 samples (Additional file 5:
Figure S2B,D). These cutoffs yield 4 classes as shown in
Figure 6A. This procedure was applied to both the train-
ing set of cells, which were scored by a pathologist, and
the remaining cells within thes a m ei m a g e ,w h i c hf o r m e d
the test set.
Both the training and test set showed resemblance,
however samples 6361 and 7619 differed from the gold
standard distribution.Thesedifferencesmay be duetothe
arbitrary setting of one intensity threshold, and the sub-
jectivity in visual scoring where background intensities
between samples are seldom taken into consideration.
Figure6Billustrates thespatialdistributionoftheclassi-
fied cells in sample 6370 and the corresponding topology
map which displays the relative ratio between HER2 and
ER. Most of the cells which were considered as double
negative are identified morphologically as stroma, and
display low intensity in both proteins. Cells which were
classified as double positive demonstrated subtle cell-to-
cell variations which would not otherwise be observable
with a strict threshold. The same analysis was applied to
Figure 6 Visualizing cellular heterogeneity. (A) Comparison of cellular diversity in IFISH images by applying a global intensity threshold of 300
for HER2 and 50for ER on the gold standard cell distribution,the trainingdistribution and test set. (B) Classification of cells in Sample 6370based on
HER2 and ER intensity and the corresponding topology map.The color indicates the relative ratiobetween the two stains. (C) Classification and
topology map applied to HER2 protein expression (cyan) and HER2 spot area (yellow). (D) Classification of cells in Sample 6361intoluminal or
myoepithelial cells based on morphology, and topology map based on HER2 and ER staining.Trinhetal. GenomeBiology 2014, 15:442 Page 12 of 15
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HER2 protein and HER2 spots, with a cutoff placed at
HER2 spot area of 60 pixels which is roughly equivalent
to 3 spots. Most cells exhibited a HER2 protein intensity
increase with a spot area increase (shown in green), how-
ever,asubsetwithhighexpressionofHER2butarelatively
lower spot area was also present.
The scoring of cells is also dependent on the tumor
region selected for analysis (Figure 6D). Sample 6361 was
considered to be clinically HER2+, however a ductal car-
cinoma in situ rather than an invasive component of the
tumor was selected for this analysis. As a result, weak
HER2 and ER intensities were attained, as shown in the
topology map, compared to sample 6370.
Conclusions
Segmentationofcomplextissuecomponents improves
withmanual correction Therearemany challenges with
in situ analysis of molecular features in tissue sections.
Tissues display complex compositions of organic struc-
tures such as epithelial elements, vasculature, lymphatic
components, nerves and supportive tissue including dif-
ferent types of fibers. There is morphological diversity
between cell types and their organization, and in can-
cer this is even more pronounced. For automatized image
analysis, accurate segmentation of cellular components is
crucial toavoidmisleadingestimatesof markers.Overlap-
ping or closely spaced nuclei can easily be interpreted as
one, and cells with major sectioning artefacts need to be
discarded.
Many automatized approaches have been developed to
address these issues, and Columbus and CellProfiler are
two state of the art softwares used to benchmark the per-
formance of GoIFISH. These have been developed for
general applicability to a number of biological scenar-
ios, of which cell-based culture is their main strength. As
a result, the application to tissue-sections with the het-
erogeneous morphology may have resulted in the poorer
results observed. In particular, CellProfiler did not per-
form at a similar level as Columbus and GoIFISH:t h i s
may be attributed to the need to optimize parameters in
a segmentation pipeline before batch processing, whereas
both Columbus and GoIFISH automatically calculates
parameters for each image. In addition, GoIFISH pro-
vides user-friendly options to manually correct inaccu-
rate segmentations and remove artefacts. As shown in
Figures 2A and Additional file 4: Figure S1B, this correc-
tion step is crucial for improving precision and recall.
Inter-user subjectivity is a large issue in the field of
pathology and there is potential of introducing user bias
in the background selection and segmentation editing
steps. To mitigate this, our editing toolbox is designed to
minimize the amount of manual cell-outlining required,
and guidelines have been included in the user-manual for
background selection. We have demonstrated that these
measures are effective in minimizing inter-user variation,
with similar intensity measurements for both background
and cell staining reported by different scorers (Figure 5).
I m a g ea n a l y s i si sd e p e n d e n to ni m a g eq u a l i t yThe
quality of the segmentation and marker recognition is
highly dependent on the quality of the samples attained.
For formalin-fixated paraffin-embedded tissue sections,
there are variables including fixation type, fixation dura-
tion and tissue processing that differ from patient to
patient and between laboratories [26]. For fluorescence
analysis in general, some tissue composites induce more
autofluorescence than others making “true" staining dif-
ficult to quantify. Tissue sections from patient samples
have preprocessing steps which cannot be controlled for
at the same level of precision as fixation of cell lines can.
This explains the variation in sample-to-sample fluores-
cence intensities as illustrated in Figure 3, 5B, 6B, despite
imaging all sections under similar conditions.
The images used in this study were of high quality
but still exhibited artefacts that confounded segmenta-
tion results, which is reflective of the challenges faced in
image acquisition and analysis. Low intensity of a spot
marker compared to the background was observed in
sample 6361, resulting in poor detection using all three
methods.Overexposureofachannelwillincreasethefalse
positive rate, as seen in image 7619, and the presence of
background artefacts in the DAPI channel will affect seg-
mentation accuracy, as seen in sample 7350. Background
adjustment, manual editing and the application of classi-
fiers are strategies GoIFISH uses to address these issues.
GoIFISH allows users to select background regions to
ensure baseline intensities are comparable across sam-
ples, and performs per nucleus background adjustment
to remove local variations in auto-fluorescence. This is
necessary for comparability of cells across samples. To
assist in accurate segmentation, a morphological classi-
fier was applied to centromere 17 detection to remove
confounding effects. In addition, manual user input in
GoIFISH rectified most difficulties encountered during
segmentation.
Contribution of the software on measuring intra-
tumor heterogeneity Accurate segmentation on the
nuclear, membrane and spot level are essential for the
extraction of biologically meaningful features from cells.
GoIFISH has demonstrated comparable segmentation to
CellProfiler and Columbus in nuclear segmentation, and
has outperformed them in membrane and spot detection.
GoIFISH is capable of segmenting membranes when
weakly positive or incomplete, allowing for subsequent
objective analysis of intensity-based features.Trinh etal. GenomeBiology 2014, 15:442 Page 13 of 15
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To address the complexity of tissue composition and its
impact on prognosis [27] we have also included a cell-
type classifier based on morphology and intensity. By
marking a few segmented cells, all cells with a similar
morphology are identified with high accuracy, particu-
larly if intensity information is also included. To illustrate
the importance of quantitative analysis in the correct cel-
lular context, we have included a pre-invasive part of
a tumor in our analysis (Sample 6361). As shown in
Figure 6, the clinically reported HER2 positivity was not
detected. These cells are luminal epithelial and myoep-
ithelial cells, rather than invasive neoplastic cells. In
downstream analyses, the added categorical knowledge
will ensure these would not be directly compared to inva-
sive cells. The extraction of features from a sample can be
multi-dimensional, making visualization of heterogene-
ity a difficult task. We have included simple topology
maps that overlap two stains of interest, allowing visual-
ization of both heterogeneity across cells and their spatial
relationships.
Summary GoIFISH has been developed to segment
high magnification images with combined genomic and
phenotypic traits, combining the analysis of nuclei, mem-
branes and spots into a single easy-to-operate system.
Thus, GoIFISH allows the objective quantification of
the morphological, genomic and phenotypic heterogene-
ity often observed in tumor IFISH images. Application
of quantitative approaches like GoIFISH on large sam-
ple collections will lead to profound insights into the
impact tumor heterogeneity has on disease progression,
and may uncover evolutionary pathways explaining the
development of resistance.
Materialand methods
A samplesetof HER2positivebreastcancers
This study was conducted in compliance with the Decla-
ration of Helsinki and was approvedby the regional ethics
committee (REK S-06495b).
Human tissue samples were collected following proto-
cols approved by the institutional review board of Oslo
University Hospital Radiumhospitalet (IRB 2006-53). We
used 10 formalin-fixed paraffin-embedded (FFPE) pri-
mary tumors from HER2+ breast cancer patients. In this
work, we performed IFISH by combining the immunode-
tection of HER2 protein (expressed in the cell membrane)
and Estrogen Receptor α (ER α, located in the nuclei)
with the detection of HER2 and centromere 17 (cent17)
copy number, following a protocol previously described
[10]. FFPE samples were dewaxed and hydrated in series
of ethanol. Heat-induced antigen retrieval was performed
in citrate buffer (pH 6) followed by pepsin digestion.After
theimmunostainingofHER2andERatroomtemperature
in a humidifier, tissue slides were hybridized with HER2
and centromere 17 probes at 37C°. overnight. Post wash
was carried out in SSC (saline-sodium citrate) buffers
with different stringency, before air drying and mount-
ing media with DAPI was added. Image acquisition was
carried out in an epifluorescence microscope. One ran-
domly selected area per tumor was photographed in a
Zeiss Axioplan 2 microscope equipped withan Axio Cam
MRM CCD camera and Axio Vision software. The exper-
imental methods are explained in greater detail in the
Additional file 3.
Analysispipelinesfor CellProfiler,Columbusand GoIFISH
Columbus provides 4 nuclear, 4 cytoplasmic and 3 spot
detection methods. These were first tested visually to
determine the best candidate methods, which were then
quantitatively compared with CellProfiler and GoIFISH
in terms of precision and recall. The best results from
each image were then used for direct comparison (see
Additional file 3).
A CellProfiler analysis pipeline was constructed with
the following parameters: Nuclei Segmentation was per-
formed using two class Otsu Global Thresholding, and
diameter of objects restricted to 20-120 pixels. Clumped
cells wereseparated using thepropagation method. Mem-
brane detection was performed based on the propaga-
tion method, using the combination of the distance to
the nuclei and intensity gradient to select the mem-
brane. The spot signals were enhanced and masked
to nuclear regions. Spots were detected using ‘Robust-
BackgroundPerObject’, limited to a diameter between 5
and 40 pixels, with clumped objects separated based on
intensity.
The default GoIFISH pipeline performed shape opti-
mised nuclear segmentation with intensity suppression
between 10 to 30% and fragments of size less than 500
pixels discarded. The output nuclear map was applied to
HER2 membrane detection and spot detection. Detected
Centromere 17 spots were run through a morphological
classifier to minimise effects of autofluorescence.
Metrics for performance evaluation
We compared computational approaches to a manually
segmented ‘gold standard’. For each of the 10 images,
nuclei, membranes and spots were outlined manually
in the maximum projected image. Spots were counted
through 15-21 z-stacks. In total, 355 individual cells were
scoredformembranecompleteness,nuclearpositivityand
copy number. We then benchmarked the computational
outputs of GoIFISH with the gold standard using the
following panel of quality criteria. We define Nt as the
number of correctly segmented cells, Nunder and Nover as
the number of under and over segmented cells, NFP as the
number of false positives which do not appear in the goldTrinhetal. GenomeBiology 2014, 15:442 Page 14 of 15
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standard image, and NFN as the number of false negatives
(See Additional file 4: Figure S1A).
• Precision is defined as P = Nt/(Nt + NFP + Nover)
• Recall: R = Nt/(Nt + NFN + Nunder)
• the F-Score is the harmonic mean of precision and
recall: F = 2P · R/(P + R), which is a measure of how
well a cell can be detected, and whether the number
of cells present closely resemble the true value.
Mitigatingoversegmentation
We have developed and implemented a technique to mit-
igate oversegmentation. For a fragment f classified as
oversegmented, we list all neighboring fragments g =
{g1,...,gN} within a radius of r pixels. Each union cj =
f ∪gj of f witha subset of neighboring fragments gj ⊆ g is
apotentialextensionof f into afull cell. Theindexj ranges
over all members of the powerset of g, i.e., the set of all its
subsets. To select the best extension c∗, we first score all
possible extensions cj by a function SF

cj
that compares
af e a t u r eF of the combined fragments to the average of
that feature in the individual fragments:
SF

cj
= F

cj
−
1
nj
nj 
i=1
F

c
j
i

,w h e r e nj =| cj|,( 1 )
and then sum all feature-wise scores into a final score:
S

cj
=

SF

cj
, which we use to select the optimal
extension c∗ as
c∗ = argmax
j
S

cj
.( 2 )
Currently we use two morphological features for scoring
fragments: Solidity and deviation from theoretical area. If
g =∅orifthereis nopositivemaximum of thescore,then
c∗ = f.
Classifiers
Classifiers have been implemented in a number of seg-
mentation steps, including nuclei detection and spot
detection, to minimise errors. GoIFISH only uses linear
classifiers to reduce overfitting to data.
Nuclear detection Nuclei detection performs linear dis-
criminantanalysis basedonatrainingsetof153fragments
from 5 images attained from nuclear segmentation per-
formed at different depths. A total of 10 morphological
properties including solidity, area, perimeter, axis lengths,
axis ratios, circularity, area-perimeter ratio, and devia-
tion from theoretical area and perimeter were measured.
Each fragment was scored for oversegmentation, under-
segmentation or optimal shape.
Spot detection A spot classifier was constructed using
segmentation output from 2 training images containing
67 spot candidates and placed into a linear discriminant
analysis. Features extracted for the classifierinclude solid-
ity, area, perimeter, axis ratios, circularity, area-perimeter
ratio deviation from theoretical area and perimeter, mean
intensity and minimum intensity. Three classes were
assigned to each ‘spot’: optimal, too small or too large.
Cell classification Classification of cells after segmen-
tation is performed using a one vs all Support Vector
Machine with linear kernel. Training data is generated
on the spot from information supplied from the user.
Features can either be morphological (area, perimeter,
solidity, axis lengths and eccentricity) or contain extra
information from the other channels, such as spot area or
intensity.
Additionalfiles
Additional file 1: GoIFISH software. Source code for use directly in
MATLAB.Binary files for use outside of MATLAB (For Mac and Windows OS)
and the required MATLAB Compiler Runtime, are available for download at
www.sourceforge.net/projects/goifish/ due to size constraints.
Additional file 2: GoIFISH user manual. A user guide for the operation
of GoIFISH.
Additional file3: Supplementaryinformation. Supplementary
information includes detailed experimental methods for the staining of
images, and all code for the generation of plots and statistical analyses in R.
Additional file 4: Figure S1. Precision and recall in cell segmentation.
(A) Illustration of the metrics used for Precision-Recall Testing (B) Precision
Recall Plots for nuclear segmentation, HER membrane detection,
centromere 17 spot detection and HER2 cluster detection.
Additional file 5: Figure S2. Correlation between intensity and
pathologist scoring. (A) ER staining intensity using GoIFISH raw,
background adjusted and manually edited nuclear adjusted intensities
compared to semi-quantitative pathologist scored ER intensity for each
individual image. (B) Combined distribution of ER intensities across all
samples using the methods described in (A) (C) Distribution of GoIFISH
raw, GoIFISH manually edited mean HER2 intensities and GoIFISH
manually edited coefficient of variation compared to pathologist scored
membrane completeness for each individual image. (D) Distribution of
HER2 intensities or coefficient of variation across all samples using the
methods described in (C).
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